Abstract
Introduction
The increasing normative severity as well as market competitiveness have led the food 2 industry to constantly ask for the improvement of products and process monitoring systems. In the 3 context of fast, non-destructive and reliable techniques, image analysis-based methods have gained 4 particular interest, thanks to their ability to spatially characterize heterogeneous samples. In specific analyzed sample and/or of the problem to be faced. For this reason, hyperspectrograms can 1 be used to easily investigate large datasets in their entirety, providing a complete overview of their 2 structure and of the main sources of variations. 3 Moreover, the application to the hyperspectrograms of proper variable selection algorithms 4 (like, for example, interval-PLS or Genetic Algorithms) allows one to identify the features which 5 are most relevant for the solution of a specific calibration/classification problem. It must be 6 underlined that in this case the feature selection step is performed automatically by the algorithm in 7 a blind way, with no a priori assumptions on the basis of the nature of the considered food matrix 8 and without the need to perform any (long and subjective) ROI definition step. The selected features 9 can then be evaluated both as images and in the spectral domain, enabling a critical interpretation of 10 the features which have been automatically identified by the multivariate analysis algorithms, only 11 on the basis of their statistical significance. 12 The main aim of hyperspectrograms is therefore to allow the fast and simultaneous 13 comparison of all the hyperspectral images of a newly acquired dataset, even when their number is 14 very high. Generally, this is done using average (or median) spectra, which are very effective in the 15 case of homogeneous samples, but do not perform properly when there is the need to identify 16 spatially localized features within the image scene, since average spectra and median spectra do not
In the present work, the hyperspectrogram approach is used for the early detection of bruises 1 of two different apple varieties. Mechanical damages which can occur during fruit harvest, handling 2 and transport represent a major cause of economic losses, and bruising in particular is the most 3 common type of postharvest mechanical injury [15] . In order to reduce these losses, automatic 4 systems able to early detect bruised fruits are highly valuable, since visual assessment is always 5 affected by operator subjectivity, and the human eye could have not a sufficient sensibility or 6 consistency. Moreover, in the early stage bruises are frequently not visible with the naked eye, 7 while they can be quite clearly detected by means of systems operating in the Near Infrared (NIR) 8 spectral range. For these reasons, in the last decades spectroscopy has gained particular interest as a 9 non-destructive and fast tool to discriminate bruised apple tissues [16] [17] [18] . However, the use of 10 conventional NIR spectroscopic techniques can pose limitations to the effectiveness of defect 11 detection, where spatial localization of the defect-related information represents a crucial point.
In this context, we present the possible advantages offered by the use of hyperspectrograms 1 for apple bruise detection. In particular, the hyperspectrogram approach allowed us to analyze a 2 very high number of hyperspectral images (800 on the whole) using for the first time to our 3 knowledge a completely automated procedure, i.e., without the need to define any ROI and to 4 design ad-hoc masking procedures, which are quite subjective, laborious and time consuming steps. 5 Moreover, beyond the achievement of high classification performances in the detection of apple 6 bruises also when the defect was not appreciable with the naked eye, a preliminary exploration of 
Materials and methods

12
Apple samples and bruising
13
'Golden Delicious' and 'Pink Lady' apple varieties were selected for the present study in 14 order to consider samples characterized by different peel colors. In particular, 'Golden Delicious' is 15 a variety where bruises can be quite easily identified with the naked eye, while 'Pink Lady' is a 16 variety where, due to the red colored peel, bruises are more difficult to be detected by common 17 RGB imaging techniques. For each variety, 40 apples were collected and thoroughly inspected in 18 order to verify that they were free from visible bruise defects; 20 samples were then randomly 19 selected to be artificially bruised, while the 20 remaining apples were used as control samples. 20 Several preliminary tests have been performed in order to define the proper bruising conditions, in a 21 way to avoid the creation of defects immediately detectable at the naked eye. Based on these tests, 22 the final experimental setup consisted in a pendulum with a 50 cm long wooden arm and a 250 g 23 plastic cylinder (30 mm in diameter), that was lifted to a height of 6 cm with respect to the sample. 24 Unfortunately, a quantitative comparison of the impact provided by our device with that provided 25 by the devices used in other literature articles is not possible, due to the lack of sufficient 1 experimental details. However it must be underlined that, considering the combination of cylinder 2 weight and impact height, the bruises induced in the present work should be considerably less 3 intense than those considered in other similar research works. In order to evaluate in a more 4 objective manner this aspect, RGB images were acquired on bruised 'Golden Delicious' and 'Pink 5 Lady' samples in JPEG format using a Kodak EasyShare DX7630 zoom digital camera with a 6 spatial resolution of 2856 × 2142 pixels. In order to have constant and homogeneous lighting 7 conditions, the camera was mounted on a white painted wooden box, containing the apple to be 8 photographed, equipped with 8 tungsten lamps [9] . As a matter of fact, the elaboration through 9 Multivariate Image Analysis (MIA) of the RGB images did not allow to identify the presence of 10 bruises in the majority of the cases, at least in the first days after bruising (data not reported). 
Hyperspectral images acquisition
13
In order to evaluate the development over time of the bruised areas, hyperspectral images 14 were acquired ten times at subsequent time intervals both on the bruised samples and on the control 15 ones, starting from the day before bruising and 0 hours, 5 hours, 1, 2, 3, 6, 7, 8 and 9 days after 16 bruising. On the whole, 800 non-congruent hyperspectral images were acquired. 17 Apples were imaged using a HSI system composed of a desktop NIR Spectral Scanner 18 (DVOptic) embedding a Specim N17E reflectance imaging spectrometer, coupled to a Xenics 19 XEVA 2608 camera (320 × 256 pixels) and covering the spectral range from 900 to 1700 nm (5 nm 20 resolution). In order to enable a better evaluation of the stability of the system over time, a setup 21 composed of a silicon carbide sandpaper as sample background, which is characterized by a very 22 low and constant reflectance spectrum [24] , a 99% reflectance standard and two ceramic tiles with 23 average reflectance values equal to 89% and 46%, respectively, were used for the acquisition of all 1 the images. 2 The raw data were then converted into reflectance values by applying the instrument 3 calibration procedure based on a high-reflectance standard reference and on the estimate of the dark 4 current [25] . Furthermore, in order to minimize the residual variability among images over time, an 5 additional internal calibration was performed [26] . Subsequently, the reflectance images were 6 cropped to dimensions of 209 × 165 pixels with the two-fold aim of excluding the reference 7 materials and of reducing the data size. Finally, in view of the low S/N ratio observed at the spectra 8 extremes, only the 150 wavelengths between 955 and 1700 nm were considered for further analysis. 9 All the algorithms used for the elaboration of the hyperspectral image data and of the 10 hyperspectrograms were written in MATLAB language (ver. 7.12, The Mathworks Inc., USA).
11
Moreover, the MATLAB functions necessary to create and explore the hyperspectrograms dataset 12 have been implemented into a Graphical User Interface (GUI), which is freely available upon 13 request to the corresponding author. The classification and feature selection steps were performed 14 using the PLS Toolbox (ver. 7.5, Eigenvector Research Inc., USA).. 17 Before conversion into hyperspectrograms, all the acquired hypercubes were subjected to an 18 image segmentation step mainly aimed at removing the pixels corresponding to the sandpaper sheet 19 used as background by means of a fast thresholding procedure. In order to define the most 20 discriminant wavelength, ROIs were manually selected on a few images to define two classes, i.e., 21 'Background' and 'Sample'. The most discriminant wavelength was then identified separately for 
Hyperspectral images segmentation
where m back is the average spectrum computed on the "Background" pixels, m sample is the average 1 spectrum of the "Sample" pixels, V back is the variance of the "Background" pixels and V sample is the 2 "Sample" pixels. Therefore, the most discriminant wavelenegth, λ t , was defined as the wavelength 3 corresponding to the maximum value of Fr. In particular, λ t = 1025 nm and λ t = 1050 nm were used 4 for 'Golden Delicious' and 'Pink Lady' datasets, respectively; in both cases, a threshold value equal 5 to 0.1 reflectance units was considered for segmentation. 
where A is the number of selected PCs, and w is the number of wavelengths of the spectra 4 composing the hypercube. In the present case, therefore, given a number of PCs equal to 3 and a 5 number of wavelengths equal to 150, each hyperspectrogram was a 1200 points-long signal.
6
For a more detailed description of the algorithm used to build hyperspectrograms, the reader 7 is referred to Ferrari et al.
[6].
8
As for the appropriate number of PCs to be retained in the PCA models used for the 9 hyperspectrograms calculation, it has to be underlined that this does not really represent a crucial 10 point. In fact, in case the dimensionality of the model is underestimated, the inclusion of the Q 11 residuals ensures that all the potentially useful information is however kept. Conversely, in case of 12 overestimation of the model dimensionality, it has to be considered that hyperspectrograms are 13 usually intended to be subjected to a variable selection step where the PCs accounting for variability 14 sources which are not useful for solving the problem at hand are discharged.
15
A further remark concerns the use of the frequency distribution curves of the PCs score 
Explorative analysis and classification of the hyperspectrogram datasets
9
As a first step, for each apple variety, the corresponding dataset of 400 hyperspectrograms 10 was subjected to explorative analysis by means of PCA, in order to obtain an overview of the whole 11 dataset structure and to identify possible outlier samples/images. In this context, the effects of two 12 column pretreatments, i.e., mean centering and autoscaling, were evaluated. cross-validation procedure already used for the whole PLS-DA models was also used for the 16 calculation and subsequent validation of the iPLS-DA models. i.e., the PC1 score image and the Q residuals image are generated, where only the retained pixels 3 are represented. Alternatively, a false-color image of the retained pixels can be created, with e.g., 4 the PC1 score values in the red channel and the Q residual values in the green channel.
5
The images obtained with this procedure allowed therefore to localize in the original image Figure 3a , where it can be noticed that although one day after bruising the 16 bruised area was clearly visible, it was however similar to bruised areas observed on other non- 17 outlier images, like those taken from sample G10 (Figure 3b ). The fact that the only two rot samples 18 were clearly identified as outliers much time before the effective appearance of the signs of rot, 19 suggests that it could be also possible to use HSI as a technique for early detection of this problem. 20 However, since this was beyond the aims of the present work, and due to the fact that only two 21 rotten samples were present into the whole dataset, all the measurements related to the two outlier 22 samples were removed before further processing the data, in view of detecting solely the defects 23 due to bruising. 
Hyperspectrograms classification by PLS-DA and iPLS-DA
'Golden Delicious' dataset
14
The results of the PLS-DA models calculated on the 'Golden Delicious' dataset considering 15 both the whole signal range and the variables selected by iPLS-DA are reported in see Figure 1a ), and which led to an EFF value in prediction on the external test set equal to 92.42%.
15
In particular, the three selected intervals fall within the frequency distribution curves of PC2 scores, 16 PC3 scores and Q residuals, respectively. shown that the selected features are not present at all, or only few sparse pixels not accounting for 26 any specific sample area are selected. As an example, the corresponding images taken from a 1 control sample are shown in Figure 6 , where no significant variation can be appreciated over time. 2 Furthermore, a detailed inspection of each single misclassified image was done by MIA at the 3 pixel level, which revealed that one image taken on an apple sample before bruising was not 4 assigned to the control class due to the presence of preexisting, not visible, bruises. Moreover, MIA 5 also revealed that two samples that were not predicted as bruised did not actually show the presence 6 of a bruised area in the first hours after bruising, while this appeared in the following days. 'recent bruises' (0-3 days after bruising) and 'old bruises' (6-9 days after bruising). The   7 classification results confirmed the effectiveness of the approach ( Finally, it has to be underlined that, similarly to what was observed for the 'Golden Delicious' 13 dataset, the use of average spectra did not lead to acceptable results (Table 2) were detected as outliers already from the first days of measurement, when, with the naked eye, 10 they were apparently indistinguishable from the other samples.
11
The application of a variable selection algorithm to the hyperspectrograms allowed to achieve features related to the onset and to the subsequent evolution with time of the bruise defect.
19
The results confirmed the robustness of the approach when dealing with datasets composed of 20 a very large number of hyperspectral images, and also indicate that hyperspectrograms could 21 represent an effective tool for the investigation of dynamic processes.
22
The proposed method, which is intended as a fast exploration tool for large datasets of 
